In this paper we investigate the effect of using a home computer on children's development. In most OECD countries 70% or more of the households have a computer at home and children use computers quite extensively, even at very young ages. Yet, little is known about the effect of computer usage on children's cognitive and non-cognitive skills. Time spent using a computer can affect skills in different ways: because of the way children use the computer (i.e. content), because computer time inevitably displaces other activities, and because most software requires interaction and is therefore intellectually stimulating.
skills. require little visual imagination, and the medium is not interactive. As a result children might become intellectually passive. While we refer the reader to section 2 for a more complete review of the literature, we anticipate that psychology studies conclude that the effect of watching TV strongly depends on the content of the programs watched (educational programs having a positive effect) and on the socio-economic status of the parents (children with low status parents benefiting more from TV), the latter reflecting the quality of those activities displaced by TV time. Computers and TV share some similarities but there are also major differences.
Computers imply more freedom with respect to content, since there is a very large variety of software or internet content to choose from. Computers are also more interactive than TV, with most software requiring continuous inputs from the users. Still, most of the above discussion can be extended to computer time. Content can matter, other activities will be displaced by computer time, and computer use can be intellectually challenging (rather than intellectually passive).
In this paper we use the Longitudinal Study of Australian Children (LSAC) data, which follows an Australian cohort born in 1999/2000. Data for this cohort were collected in two surveys (2004 and 2006) when children were aged 4/5 and 6/7 years old. The advantage of this data lies in its longitudinal nature, coupled with information about cognitive and non-cognitive test scores and information on computer access. In particular information was collected not only on whether the child had access to a computer at home, but also on the number of hours he/she would use the computer on a typical weekday and weekend. The LSAC data shows that by the age of 7 around 88% of the children had access to a computer at home. This is an even larger fraction than the 70% reported in figure 1, probably due to the fact that these children had young parents who are more likely to use modern technologies. From these data it also emerges that the average child with access to a computer spends almost 3 hours in front of a computer every week. Children also make extensive use of other devices spending 13 hours watching TV/DVD's and 3 and almost two hours playing with video game consoles such as PlayStation, XBox and Nintendo every week. If we are interested in the skill production function we can not neglect the importance of these inputs given that they absorb a considerable amount of time.
Here we mainly focus on computer use though we also try to shed some light on the effect of TV/DVD's and video game use. We look at both cognitive and non-cognitive skills. Both types of skills might be affected by the content (educational software, games, emailing or messaging, other internet use) but also by the displaced activities. If, for instance, computer time displaces reading books or other educational activities, cognitive skills might be affected. Similarly, if computer time displaces social activities, with parents or other children, non-cognitive skills could be influenced.
Previous research has focused on the effect of TV on skills, of computers in schools or on the effect of a home computer on high school completion. Our paper contributes to the existing human capital literature by focusing on the effect of home computer use on early childhood cognitive and non-cognitive skills. To our knowledge no other economic study has tried to address this question so far.
In the remaining of the paper we first discuss the skills production function and the assumptions needed to identify the causal effect of computer use on cognitive and non-cognitive skills.
We rely on a rich set of controls available in the LSAC, and assess the robustness of our results by comparing alternative estimators. We follow Todd and Wolpin (2003, 2007) and compare OLS, IV and Value Added estimators. Our results indicate that children using computers are more likely to score better in cognitive skill tests. Computer use matters mainly during the weekend, and the effects are larger for girls and for children with low educated parents. The evidence for non-cognitive skills is mixed.
The paper unfolds as follows: In section 2 we review the main findings of the computer literature. Section 3 introduces the skill production function and then discusses the identification of the parameter of interest. Section 4 presents the cohort data that we use. Section 5 presents our findings. Section 6 concludes.
Literature
The literature evaluating the impact of computer access and use on children's outcomes is still quite limited, probably due to the fact that computers entered schools and houses on a large scale only in the last 10 to 15 years. In this section we give a short summary of those studies evaluating the effect of computer and TV use on educational attainment and cognitive skills. Schmitt and Wadsworth (2006) explore the link between ownership of a home computer at ages 15 and 17 and subsequent achievements attainment in the principal British school examinations taken at ages 16 (GCSEs) and 18 (A-levels). Using the British Household Panel Survey (BHPS), they estimate the causal effect using a probit model where identification relies on a rich set of controls such as household income, mother and father's education, mother and father's age and number of dependent children living in the household. The data show a significant positive association between PC ownership and the qualifications obtained. The frequency of PC use also appears to be weakly correlated with positive educational outcomes at age 16. Beltran, Das, and Fairlie (2006) look into the relationship between computer ownership and high school graduation in the US, using recent panel data from matched CPS files and the NLSY97. Using a probit model with a rich set of controls, they find that home computers are associated with a 6-8 percentage point higher probability of graduating from high school.
Effect of Home Computer use
They also estimate a bivariate probit model for the joint probability of computer ownership and high school graduation using parental use of the Internet at work and the presence of another teenager in the household as instruments. The bivariate probit leads to coefficient estimates that are similar to the original probit estimates, although statistically insignificant. Subrahmanyam, Greenfield, Kraut, and Gross (2001) survey the psychology literature. Several studies provide preliminary evidence that computer use is positively correlated with academic achievement. Few studies have examined the effect of children's time on computers on their social skills and friendships. The existing research suggests that frequent game players actually meet friends outside school more often than less frequent players and no differences have been found in the social interactions of computer game players vs. non-players. However most of these results apply to teenagers. Angrist and Lavy (2002) assess the short-run consequences of increased computer-aided instruction (CAI) technology in Israeli schools. They find a consistently negative and marginally significant relationship between the programme induced use of computers and 4th grade Maths scores. For other grades and subjects, the estimates are not significant, though also mostly negative. Rouse and Krueger (2004) present results from a randomized study of a well-defined program of computers use in US schools (grade 3 to 6): an instructional computer program, known as Fast ForWord, which is designed to improve language and reading skills. Their estimates suggest that while use of the computer program may improve some aspects of students' language skills, it does not appear that these gains translate into a broader measure of language acquisition or into actual reading skills. Barrow, Markham, and Rouse (2009) similarly use another randomized study to analyze the effect of an instructional computer program which is designed to teach pre-algebra and algebra.
Effect of School Computer use
They find that, in 3 US mid and high school districts, students randomly assigned to computeraided instruction score at least 0.17 of a standard deviation higher on a pre-algebra/algebra test than students randomly assigned to traditional instruction. Banerjee, Cole, Duflo, and Linden (2007) look at the results of a randomized experiment conducted in schools in urban India (grade 3 and 4). A computer-assisted learning program was randomly assigned to some schools for up to two years. They find that the program was very effective, increasing math scores by 0.36 standard deviations the first year, and by 0.54 standard deviation the second year.
Effect of TV use
To conclude our literature review we summarize the main findings on the effect of TV time on children's skills. Gentzkow and Shapiro (2008) look at the effect of preschool television exposure in the 1950's on standardized test scores later in life. Using heterogeneity in the timing of television's introduction as a source of identification, they find that an additional year of preschool television exposure raises average test scores by about .02 standard deviations. These effects are largest for children from households where English is not the primary language, for children whose mothers have less than a high school education, and for non-white children. Schmidt and Anderson (2007) provide an overview of the findings in the psychology literature. Exposure to educational programs, such as Sesame Street, has positive effect on children's vocabulary learning and this effect is long lasting. They do not find evidence that TV displaces intellectually valuable activities. In fact TV replaces activities similar to TV viewing such as radio listening, comic book reading and moviegoing.
The Production Function
In our data we observe the children at two points in time, when they are aged 4/5 (2004) and 6/7 (2006) . Since it is unlikely that they made extensive use of a computer before age 4, let us start with a simple two period model t = 1, 2. Denote by C t computer time at time t, by F I t a vector of family inputs, by SI t a vector of school inputs and by OM t time spent using other media devices such as TV and video games. Let also µ denote children's unobserved time constant endowments (like innate abilities). Here µ is not 1 dimensional but rather a vector including a range of cognitive and non-cognitive innate abilities. Finally denote by T jt the j th test score measured at time t and by ǫ t the measurement error in T jt . As well as for µ, there is a vector of test scores T that can summarize the main cognitive and non-cognitive skills.
Period 1
The production function of each test score in period 1 can be written as:
where we are assuming that any non-media input enters either F I 1 or SI 1 . In this paper our parameter of interest is the effect of C 1 on T j1 , holding all other inputs constant. It is easy to see why the identification of this parameter is complicated by endogeneity problems. C 1 depends on the parental decision to own and make available a computer but also on the child decision to spend some time using it. Unobserved family, school and media inputs together with the child's innate abilities might be correlated with C 1 but also T j1 . Measurement error in C 1 can instead cause attenuation bias. In the data the parents were asked to report the time spent by their children using the computer. It is possible that some parents could only provide a rough guess. Therefore ǫ 1 can include measurement error in C 1 . 2 Todd and Wolpin (2003, 2007) discuss alternative estimation strategies under the assumption that the g function is linear, an assumption that we also make. Let X 1 denote observed family, school and other media inputs and let U 1 denote the unobserved ones.
where v j1 = U 1 δ j1 + µρ j1 + ǫ 1 (γ j1 , δ j1 , ρ j1 are vectors). The simplest way to estimate equation (2) is to use the OLS estimator and assume that we can control for the most important inputs influencing both C 1 and T j1 such that E(v ′ j1 C 1 ) = 0. The LSAC survey designers put a lot of care in collecting very detailed information regarding parental background, home and school care. In the results section we discuss what variables we can use to approximate the family, school and other media inputs. Yet even rich data can rarely allow to control for the innate abilities of the child µ. One possibility is to assume that the parental decision to own a computer is not a function of µ. That is parents own a computer mainly for their work, internet browsing or other personal uses so that the ownership decision does not depend on the children's characteristics. 3 If this is the case, and there are no other unobservable entering both the parental decision and the production function, than computer ownership HC 1 can serve
Using an IV is also the only way to solve the measurement error problem. Nevertheless, under heterogenous treatment effects the IV estimator will identify the Average Treatment on the Treated (ATT) and not the ATE. 5
In period 1 it is also possible to test the robustness of OLS estimates by including a future measure of computer use C 2 in equation (2). Conditional on C 1 , future computer use should not be correlated with T j1 unless µ or U 1 are correlated with C 2 . 6
Period 2
The production function in period 2 is:
where the subscript 2:1 indicates that we include both period 2 and 1 inputs. Every input of the production function at time 2 can have an effect on T j2 through its contemporaneous or lagged level. This is true also for computers where use in period 1 (age 4/5 in our data) might have permanent effects on the test scores besides the effect on C 2 . If we only include C 2 its coefficient would pick up the effect of the whole computer history but we would not know when this input is most effective. According to Cunha, Heckman, Lochner, and Masterov (2006) the timing of inputs matters because some skills can be shaped only when children are very young.
Once again we assume that the production function is linear in its inputs:
where v j2 = U 2:1 δ j2 + µρ j2 + ǫ 2 . Therefore in equation (4) we are interested in estimating β 2 which is a 2 × 1 vector. The estimation of this equation is once again plagued by endogeneity problems potentially even more severe since now we are interested in the causal effect of the two endogenous variables C 1 and C 2 . Besides OLS, Instrumental Variable estimation is still possible using HC 1 and HC 2 as instruments provided they are not multicollinear. However, consistency of the IV estimator now requires very strong restrictions on the time 2 parental decision. For E(v ′ j2 HC 2 ) = 0 to hold, the parental decision to own a computer at t = 2 must be uncorrelated with C 1 and T 1 , since these are a function of µ, and T 1 is also a function of U 1 . Todd and Wolpin (2003, 2007) discuss the estimation of the production function (4) using the Value Added model. The idea is to include a lagged test score T j1 on the right hand side. Intuitively, since the lagged test score is a function of µ, including it among the control variables one might reduce the omitted variable bias. However Todd and Wolpin (2003, 2007) also show that the Value Added model solves the endogeneity problem only if the impact of the ability endowment µ declines over time at a rate equal to the first order correlation across test scores. 7 Finally it is also possible to estimate the production function through the First 7 This can be easily seen under linearity. Using equations (2) and (4), and letting ′ and ′′ indicate the first and second element of the vectors β, γ, δ:
This also shows that U 2 and U 1 still enter the error term unless δ ′′ 2 = (δ ′ 2 −φδ 1 ) = 0. Moreover, C 2 will be correlated with ǫ 1 if previous test scores enter the parental or children choice functions.
Difference (or Fixed Effect) estimator. This estimator relies on other strong assumptions. The first two terms of v must be time constant, that is (U 2:1 δ j2 + µρ j2 ) − (U 1 δ j1 + µρ j1 ) = 0. Even if C 2:1 was orthogonal to U 2:1 , the ability endowment must have a constant effect over time, ρ j2 = ρ j1 . In principle there is no reason why this should be the case and this equality holds for all the cognitive and non-cognitive abilities in the µ vector. Also, First Difference requires strict exogeneity. However this would be violated whenever C 2 is a function of T 1 either through the parental or children choice functions, since in that case E(C ′ 2 ǫ 1 ) = 0.
Later in the paper we provide estimates of the linear production functions in period 1 and 2. There are two main reasons why we estimate both functions rather than just the one in period 2. First, if some learning processes, investments or choices are made at very young ages,
T 1 might have a role even conditional on T 2 . Second, in the data the vector of cognitive skill scores between period 1 and 2 is not the same, since some tests are age specific. Therefore the outputs of the production functions are not identical in the two periods. We refer to the data section for a more complete explanation of the cognitive skills measures.
Data
The data In what follows we focus on the older cohort, aged on average 4.74 and 6.82 years at the time of the two surveys. We then create our sample by selecting those children for whom data were collected at both waves, corresponding to 90% of the original sample.
Computer Access and Use
In Wave 1 parents were asked whether the study child had access to a computer at home and if so, how many hours the child used the computer on a typical weekday and on a typical weekend day. Unfortunately in Wave 1 the number of hours were recorded in bands and not in continuous form. 8 Parents were also asked about the number of televisions at home and how many hours the child spent watching TV (still distinguishing between a weekday and weekend, and with hours coded in bands). In Wave 2 parents were asked the same questions though this time computer and TV use were recorded as continuous variables. Moreover, in this second wave parents were also asked whether the children had access to a video game console such as Xbox, Playstation or Nintendo and if so, how many hours (weekday/weekend) they spent using it. Finally, the question on the total number of TV's in the house was replaced by a question asking whether the child had one in his/her own bedroom. In Table 1 we presents basic statistics on the use of computers, TV and video games. In order to construct the figures in table 1 (Wave 1) we recoded number of hours in continuous form. For both computer and TV hours, we used the median number of hours within each band from wave 2 and imputed that figure for wave 1 observations. 9 Children were more likely to have access to a computer in wave 2. By then only 11.67% of children could not access one.
Perhaps parents decided to let the children use the computer as the children became older and started school or it could be simply the result of the upward trend in computer ownership that we have seen in figure 1. The average child was using the computer for a total of 1.78 hours during the week, and a total of 0.70 hours during the weekend. Importantly, there is evidence of variation over time. Not reported, the correlation between C 1 and C 2 is equal to 0.25. If C 1 and C 2 were to be multicollinear, estimation of equation (4) would be problematic resulting in large standard errors. Children also spent 8 hours watching TV during the weekdays and almost 4 hours during the weekend. In wave 2, when children were aged between 6 and 7 years old, almost everyone had access to a computer at home. Compared to wave 1, children used it less during the weekdays but more during the weekend, and a similar pattern exists also for TV use. Since in wave 2 children were aged 6 to 7 years old, and therefore all enrolled in school, it is possible that they had less home time during the week. Parents were also asked whether the child had his/her own TV in the bedroom. Almost one in five children had one. However no information was collected about the number of televisions at home. Finally in wave 2 more than half of the children had a video game console There are some differences across gender:
overall, at wave 2 an average (median) boy spent around 19 (17) hours using a combination of computer, TV and video games, while an average (median) girl spent 16 (14) hours.
None of the first two LSAC waves contain information on what the children used the computer for. However, in August 2007 a short questionnaire (Wave 2.5) was sent to the study families, which contain age appropriate questions on childrens engagement with media and technology. Unfortunately these data have some limitations. First, only 65% of the original sample mailed back the questionnaire and even then there are many cases with missing values.
Second, information about the child's age at the time the questionnaire was completed or the date of interview are not provided. Third, no cognitive skill test was administered, and only a restricted subset of the Wave 1 and 2 non-cognitive variables is provided. Finally, we could still think of computer activities at Wave 2.5 as being a proxy for activities at earlier waves, but this might be a too strong assumption, particularly for Wave 1. With this in mind, table 2 shows computer use by activity at Wave 2.5. The most common use of computers was gaming, followed by school work and DVDs/CDs playing. 10
Cognitive and Non-Cognitive Skills
The LSAC children were administered three cognitive skill tests depending on their age.
• Who am I? Test (Wave 1 only) The Who am I? is a direct child assessment measure that requires children to copy shapes (circle, triangle, cross, square, and diamond) and write numbers, letters, words and sentences. It is used for the children at ages 4 to 5 years to assess the general cognitive abilities needed for beginning school.
• Peabody Picture Vocabulary Test • Matrix Reasoning Test (Wave 2 only) Children completed the Matrix Reasoning (MR) test from the Wechsler Intelligence Scale for Children, 4th edition (WISC-IV). This test of non-verbal intelligence presents the child with an incomplete set of pictures and requires them to select the picture that completes the set from 5 different options. Figure 2 shows the distribution of the cognitive test scores. Each distribution is quite symmetric. The matrix reasoning score has a different scale from the other tests. Later we standardize each test score to have mean zero and standard deviation 1.
In the LSAC, non-Cognitive skills are measured through both parental and teacher assessment. In the two waves parents and teachers were asked 25 questions about children's behavior. Each factor is standardized to have mean zero and standard deviation 1, and ordered such that a higher score corresponds to less behavioral problems, i.e. better non-cognitive skills. Figure 3 shows the distribution of the non-cognitive factors derived from factor analysis. These factors have right-skewed distributions, that is the majority of children do not have behavioral problems. This is a feature of most of the 25 original questions.
Other Variables of Interest
The LSAC is a very rich data set. Plenty of information was collected about the child, his/her household, home and school environments. In Table 4 we report basic statistics for a few variables. Children were on average 57 months old (almost 5 years old) in wave 1, and 82 months old (almost 7 years old) in wave 2. However there is a difference of 16 (19) months siblings and in 95% of the case there were at most 3 siblings. The average mother was slightly younger than 30 years old at birth, and the average father slightly older than that.
Most parents had some educational qualification beyond year 12 (high school). Father's income was substantially larger than mother's income, also due to a low fraction of mothers working full-time. The fraction of mothers working either full or part time rose between wave 1 and 2. 
Results
In this section we provide estimates of the linear production functions in equations (2) and (4).
Given the endogeneity problems discussed in section 3, and given that all estimators demand relatively strong assumptions, in what follows we report the parameters of interest of (2) and (4) using different estimators. All the test scores have been standardized to have mean zero and standard deviation 1. Computer time is measured as total weekly hours.
Period 1 Estimation
In table 5 we present the estimated effects of computer use on cognitive and non-cognitive skills.
The first column (OLSa) illustrates the estimated impact when controlling for some measures of family, school and other media inputs such as weekly hours in child care, indoor and outdoor activities involving a family member, hours spent watching TV. 12 Children using the computer more often score higher in the Peabody Picture Vocabulary and Who am I? tests. With regard to the non-cognitive scores, the Relationship index coefficient is positive and significant at 1% level, meaning that children using a computer are considered more sociable by their mothers. In column OLSb we add a rich set of household characteristics such as parental education, income, number of siblings etc. None of the additional controls is a direct family (F I), school (SI) or other media (OM ) input but we rather consider them as important determinants of these inputs. Since it is quite rare to observe all inputs, household characteristics are often used as proxies in similar studies. Some of these additional controls can also be viewed as proxies for the unobserved cognitive and non-cognitive endowment µ. Overall the coefficients are smaller but with no large change. This result is quite reassuring and it suggests that our set of inputs is quite comprehensive. Some researchers have criticized the use of household characteristics, and particularly of parental income, as a proxy of family or school inputs. They argue that an increase in the amount of an input holding income constant must imply a reduction in expenditures on other inputs. This could cause a misinterpretation of the coefficients. In column
OLSc we then present the coefficients when excluding parental income and other indicators of financial distress from the set of control variables. The results are virtually identical to those in column OLSb. In the remaining of the paper we include parental income and other indicators of financial distress among the household characteristics.
To learn whether the effect is large or not we compare the computer coefficient in column
OLSb to those of TV/DVD and child care weekly hours (not reported in the table). Next we move to the IV estimator. Since we are not aware of any institutional change (laws or similar) that might affect C t our approach is to use computer access at home (HC 1 ) to instrument C 1 . In section 3.1 we discussed under what conditions this estimator is consistent.
To satisfy the exclusion restriction we need computer access to be uncorrelated with unobserved inputs and the endowment. Given the large fraction of children with access to a home computer, we expect that, if anything, only a few parents owning a computer deny access to their children.
Therefore it is unlikely that HC 1 is correlated with µ. In table 13 we then compare households with and without a computer over a number of observable characteristics. Households with a computer are on average older, better educated, richer and more likely to have the mother employed. Our assumption is that conditional on these and the other controls included in the IV estimator the return to computer use becomes larger for all cognitive and non-cognitive scores. This result is consistent with attenuation bias caused by measurement error in C 1 while it is more difficult to judge the direction of potential omitted variable bias. Smart children might be more likely to use the computer for educational purposes and less likely to use it for entertainment but this is not given. At the same time smart children might prefer books to computers. It is also unclear whether non-cognitive skills and computer time would be positive or negatively correlated if anything. It is also possible that the ATT identified by the IV estimator is larger than the ATE.
The fifth column (R 2 /N) reports the adjustedR 2 for the richest OLS regression (OLSb) and the sample size (N). TheR 2 is larger for the cognitive scores production function. Finally, we run a robustness test by estimating the effect of C 2 on T 1 (Future column). As discussed in section 3.1, conditional on C 1 , future computer use C 2 should have no correlation with T 1 unless C 2 is a function of µ (skill endowments) and U 1 (unobserved inputs). If that was the case it is likely that E(v ′ j1 C 1 ) = 0. In order to properly control for current computer use we select only those children who did not have access to a computer in the first period. In our sample 14.83% of the children gained access to a computer between the two waves. Only in the case of the Relationship index C 2 has a statistically significant effect. However, the C 2 coefficient is negative. If this is just an omitted variable bias, then the true β j1 is actually larger and not smaller than the OLS estimates.
To recap, both the OLS and IV estimator indicate that computer use in period 1 (age 4/5) has a positive and statistically significant effect on the cognitive scores and on the Relationship index, with the OLS coefficients being relatively large compared to those of other inputs. The OLS estimator passes the robustness check where we test for the effect of C 2 on T j1 for all scores but the Relationship index. However in this case, the negative coefficient suggests that the omitted variables might actually bias the estimates downwards. In table 6 we show the parameter estimates for the period 2 production function (equation 4). For every test score function we report the C 2 (top) and C 1 (bottom) coefficients. The first four columns are obtained as in table 5 by controlling for family, school and other media inputs (OLSa), household characteristics (OLSb), excluding parental income and other indicators of financial distress (OLSc) and using computer ownership in both periods HC 2:1 to instrument C 2:1 (IV). The only difference is that for all OLS and IV estimators we now control for both periods characteristics (X 2:1 ) while in table 5 we controlled only for period 1 (X 1 ). Conditional on C 1 , current computer use C 2 does not have an effect on any cognitive or non-cognitive skill.
Period 2 Estimation
However C 1 has a positive effect on both cognitive scores, with the IV estimator being larger than the OLS one. The fifth column (R 2 /N) report the adjustedR 2 for the richest OLSb regression and the sample size (N). The Peabody Picture Vocabulary function is the one with the largestR 2 . 14 We then estimate the production function using the Value Added estimator (VA column). In section 3.2 we discussed the conditions under which this estimator is consistent. The estimates are obtained after augmenting the right hand side of each production function with the period 1 test score. Most of the C 2 coefficients drop. The C 1 coefficients drop too, but this is expected since we are including the lagged score on the right hand side (see section 3.2, footnote 7). As we would expect theR 2 of the Value Added model is larger than the OLS estimator since the lagged score might be capturing the effect of unobserved innate abilities or past unobserved inputs. The sample size N is instead smaller since we only include those children for whom scores are available at both periods.
We do not include the First Difference estimator mainly because the wave 1 computer hours were originally coded in bands. While it is already known that the First Difference estimator can exacerbate measurement error problems, in our case a ∆C variable created using our imputed continuous C 1 would generate even more measurement error. If instead we were to code both C 2 and C 1 in bands, we would loose all the children that did not change band between the two waves, roughly half of the sample.
To summarize, the results from period 2 suggest that computer use at young ages has a long lasting effect on cognitive skills, while current use has no strong effect. Per contra, neither C 2 nor C 1 show an effect on the non-cognitive skill indexes. These results are consistent across the OLS, IV and Value Added estimators.
Non-linearities in the Production Function
So far we have maintained the assumption that the production function is linear in its inputs.
In this section we test for non-linearities by introducing a quadratic term in C 1 and C 2 . Table 7 presents the result. The table reports the OLSb estimator, column OLSb(T t ), the IV estimator, columns IV(T t ) and the value added estimator, column VA(T 2 ). In order to satisfy the order condition for the IV estimator we now need twice as many instruments as before, because of the quadratic term. To solve this problem we augment the first stage regression with the interactions 14 To account for selection issues originating from the new pool of children gaining access between the two waves, we also compute the OLSb estimator for those children with computer access at both waves only. The C 1 coefficients become slightly smaller but remain statistically significant at 1% confidence level.
between computer access on one side and number of siblings, number of older siblings, father's and mother's income on the other, while also including all these variables in their linear term.
All the interactions have a positive and statistically significant coefficient in the first stage regression (see table 14 in the appendix, "Int" columns) and theR 2 increases as a result of their inclusion. 15 The OLS estimates show some evidence of a marginally decreasing return to C 1 for the cognitive and non-cognitive scores, both in period 1 and 2, though the quadratic term coefficient is small and basically irrelevant since the mean (standard deviation) of C 1 is equal to 2.50 (2.87) weekly hours. Some of the IV estimates are close to the OLS ones, but overall they are very imprecise. Overall these results indicate that the production function is relatively linear in computer time.
Weekday vs Weekend
We now try to exploit the information in our data by separating C t into weekday (C wd t ) and weekend (C we t ) computer hours: C t = C wd t + C we t . The C t coefficient is expected to lie in between the C wd t and C we t ones. 16 In table 8 we show the results. Once again we report the OLSb estimator, column OLSb(T t ), and the value added estimator, column VA(T t ). We omit instead the IV estimator since, like in the case of the non-linear production function, the IV estimates are very imprecise and therefore not informative.
Starting with the cognitive skills, we see that what is important is computer use during the weekend, with coefficients sensibly larger than those in tables 5 and 6. For the Matrix Reasoning test, C we 2 has now a statistically significant effect, even using the VA estimator, while in table 6
C 2 had a negligible effect. This is because the C 2 coefficient is a weighted sum of the C wd 2 and C we 2 ones. But why is it weekend computer time that matters? On the one hand since parents are more likely to be home (i.e. not working) during the weekend, they might be spending time with their children using educational software or other programs. On the other hand, it is possible that computer time during the weekday displaces other positive inputs of the cognitive production function, such as homework or other educational assignments, producing a zero sum effect, while during the weekend computer time displaces activities that are not cognitive skill enhancing, such that computer time has a net positive effect.
For the non-cognitive skills, and in particular the Relationship index, it is weekday time that is important at wave 1, while again there is no effect at wave 2. In the absence of information on computer activities and displaced activities, we do not have a clear intuition for this result.
Heterogeneity in the Production Function
In this section we investigate whether the production function parameters are heterogeneous.
In particular we look at differences based on the children's sex and on their mothers's education and labor market status. Tables 9 and 10 For most scores, the impact of computer use is almost always larger for girls. There is some evidence that among teenagers, boys and girls use the computer differently, with boys spending more time playing games and girls using it more for emailing and chatting (see Subrahmanyam, Kraut, Greenfield, and Gross (2000)), though we do not know whether these differences in usage apply also to younger children. There is also evidence that boys and girls learn differently (see Gurian (2002) ). However, a more complete investigation of these differences between boys and girls is beyond the scope of this paper.
Next, we divide our sample in three groups based on their mothers's education: below year 11, year 11 or 12 (completed high school), higher education. As we mentioned in the introduction, computer time might matter depending on the content and/or depending on the activities that are displaced by it. On the one hand, if it is content that matters, than children with better educated parents should have a higher return to computer time. This would be the case if better educated parents are more aware of which computer usages are educational or if they are more computer savvy themselves, and can teach their children how to use computers.
On the other hand, if the effect comes mainly through the displaced activities, than children with low educated parents might have the highest return, since computer time might be more educational than time with parents. For instance, Bernal and Keane (2007) find that the effect of child care is positive mainly for children with low educated parents. The authors point at the displacement effect to explain this result. Tables 9 and 10 suggest that both channels might be in place. For the cognitive scores the effect of computer time is usually largest for the low educated, followed by the high educated parents groups. This is not true for Relationship index and in fact there is no strong reason for the intuition above to apply to non-cognitive skills too.
Finally, we also test whether there is heterogeneity depending on the mother's working status. We distinguish between full-time, part-time and not working, the latter including mothers looking for a job, in maternity leave or out of the labor force. One way to explain a stronger return for weekend versus weekday time is to assume that parents can guide computer use better during the weekend, since they are more likely to be home and have time for the child. If this is true, than we would expect the difference between weekend and weekday use to be largest among children with working mothers. For the cognitive skills, the last three columns of tables 9 and 10 indeed indicate that the difference between the weekend and weekday returns is larger for those children with mothers working full or part time. This result is also in line with the hypothesis that content matters. For the Relationship index, there is also evidence that C 1 weekday time has a stronger effect for those children with mothers working full or part time.
Multimedia
Lastly, in this section we compare the return to computer, television and video games time.
In Table 11 we present the result for the period 1 production function. The first columns correspond to the OLS return and is therefore identical to column OLSb in table 5. The second column (IV) differs from the one in table 5 because we now also instrument TV time with number of televisions in the house. That is we regress the scores on computer and TV time in the same regression and, for the IV estimates, instrument computer and TV time respectively with computer access and number of TV's in the house. The last two columns show the return to TV time.
Testing whether computer and TV time have a different return is interesting in light of our previous discussion. Both computers and TV are media devices, both will have an effect on children's skills depending on their content, on the activities they displace and on their intellectual stimulation. From table 11 it appears that computer and TV time have a very different effect. TV time has a statistically significant negative return an almost all scores, cognitive and non-cognitive. For both computer and TV time, the IV estimates are usually larger (in absolute value) than the OLS ones. Note that our result that pre-school TV time has a negative effect on development is in contrast with the findings of Gentzkow and Shapiro (2008) . However, they use 1950's data for the US in order to exploit heterogeneity in the timing of television's introduction as a source of identification. As they admit, it is possible that the type and variety of television content has changed over time in such a way as to alter its effects on cognitive development. It is also likely that alternatives displaced by TV time have changed over time, and this could produce different results.
In The effect of spending time playing with video games is also mostly negative even though only for the Peabody Picture Vocabulary score this effect is statistically significant.
Conclusions
The objective of this paper was to investigate the effect of using a home computer for children's cognitive and non-cognitive development. Data show that in OECD countries 70% or more of the households have a computer at home. Our Australian data also show that in families with young children this percentage can go up to almost 90% and that children do make use of computers even at very young ages. However not much is know about the effect of computers.
Computers are a relatively new input in the children production function having entered the average household mainly in the last fifteen years. Previous research in economics has focused on the effect of home computers on on high school graduation (positive effect) or on the effect of computer use in school, the latter often specific to a particular computer-assisted learning program (mixed findings). Psychologists instead have already completed some studies on the effect of home computer usage but data is mainly available for teenagers and some of these studies do not deal with the endogeneity of computer time.
In our work we use data from an This positive effect originates mainly from computer time during the weekend, is larger for girls, for children with low or highly educated parents and for children with working parents. The effect is large relatively to those of other inputs, such as child care, and is not shared by other media devices, such as television and video games which instead show a negative effect. This pattern of results suggests that the impact of computer time might be coming from different channels. First, by what computers are used for, i.e. content, since it is positive for children with highly educated parents and not for televisions and video games use. Second, because of the activities displaced by computer time, since the largest effect is found for children with low educated parents. Third, and again given the negative effect of television, because a computer is a very interactive device and therefore intellectually stimulating.
For the non-cognitive skills the evidence is more mixed. For two out of three indicators of non-cognitive skills, the Restless and the Emotional index, we do not find any link with computer time. For the Relationship index, which assesses the child's propensity to behave in a way that is considerate and helpful to others, we find a positive effect for children aged between 4 and 5 years. This effect originates mainly from computer time during the weekday, is larger for girls, and for children with highly educated and working parents. However two years later the effect vanishes. It is harder to interpret the positive effect on the Relationship index. If anything, we were expecting a negative effect, with computer time use displacing other social activities. It is also possible that this is just a spurious correlation. Since the non-cognitive skills indexes are derived from parental assessment there could be some unobservable driving both parental assessment and computer time. However, we also find that future computer time has a negative effect on the current Relationship index, meaning that the bias might be attenuating the effect rather then reinforcing it.
We test the robustness of our results by comparing OLS, IV and Value Added estimators.
Generally, the IV estimates are larger and the Value Added estimates lower than the OLS ones.
However the pattern of result is quite consistent.
Clearly, a more exhaustive investigation of the mechanisms behind the computer effect would demand information on actual computer activities, which are not available for the first two waves of our data. We do have some information at an intermediate later wave, but then no measures of cognitive and non-cognitive skills. We refrain from using these late data as an indicator of early computer activities. First because of poor quality of the intermediate data and second because we find unlikely that computer activities at age 8 and 9 are a good proxy of activities at age 5. Standard Errors in brackets. Stars indicate significance at 1% (**) and 5% (*) level. 
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